Project Management Efficiency of a Portuguese Electricity Distribution Utility Using Data Envelopment Analysis  by Trindade, Diogo et al.
 Procedia Computer Science  64 ( 2015 )  674 – 682 
1877-0509 © 2015 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Peer-review under responsibility of SciKA - Association for Promotion and Dissemination of Scientific Knowledge
doi: 10.1016/j.procs.2015.08.583 
ScienceDirect
Available online at www.sciencedirect.com
Conference on ENTERprise Information Systems / International Conference on Project 
MANagement / Conference on Health and Social Care Information Systems and Technologies, 
CENTERIS / ProjMAN / HCist 2015 October 7-9, 2015 
Project management efficiency of a Portuguese electricity 
distribution utility using data envelopment analysis 
Diogo Trindadea, Ana Paula Barrosob, Virgínia Helena Machadob* 
aDirecção de Marketing e Vendas B2C, EDP Comercial, 1070-050 Lisboa, Portugal 
bUNIDEMI, Departamento de Engenharia Mecânica e Industrial, Faculdade de Ciências e Tecnologia, FCT, Universidade Nova de Lisboa 
2829-516 Caparica, Portugal 
Abstract 
In this paper a model to assess the efficiency of project management by a Portuguese company responsible for the electricity 
distribution is proposed. The main objectives of the model is to assist the company in three areas: Assess the efficiency of twenty 
five Operational Areas developing remote control projects of the distribution network, making more transparent the benefits of an 
integrated project management methodology; identify possible actions to improve the efficiency of those Operational Areas; and 
prepare the company to use the model for evaluating the efficiency of other projects. Data envelopment analysis is used to assess 
the ability of this utility in converting inputs into outputs upon remote control projects in the distribution network during a period 
of time. The most important findings of this study regard the identification of inefficient Operational Areas, further showing how 
much the Operational Areas should reduce their resources usage and which Operational Areas are performing at best level, setting 
the best practices to be benchmarked. 
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1. Introduction 
This paper shows the application of data envelopment analysis (DEA) for assessing the project management 
efficiency of a Portuguese company in the energy market in the electricity distribution business. DEA is one of the 
most commonly technic used in the literature on benchmarking and efficiency analysis in the electricity sector1. 
In the past ten years, with the liberalization of energy markets, efficiency has become a cornerstone in achieving 
strategic value to companies in the electricity distribution business. As new players enter in the market and with their 
new ways of doing business leads to a competitiveness increasing. Therefore, to face this engaging competition, 
companies in the electricity business need to be more efficient to gain competitive advantage1. Additionally, many 
companies are living in a multi-project environment where project initiatives are vast and where, often, not all can be 
realized due to insufficient resources. Perceiving which projects add higher value to the company becomes critical. 
Thereby, companies need to embody techniques and methodologies that help them monitoring and assessing the 
project management efficiency to become increasingly efficient. 
“Project management is the application of knowledge, skills and techniques to execute projects effectively and 
efficiently. It’s a strategic competency for organizations, enabling them to tie project results to business goals - and 
thus, better compete in their markets.”2. For a company it is important that projects implementation occurs without 
their routine is affected; rather, project management must reconcile their applications with the more functional areas 
of the companies3. So, the company must know how to perform in a multi-project environment – must have a project 
portfolio management model to assist in selecting the projects that bring more strategic value to the company. A 
company can develop several project portfolios simultaneously, so resource allocation and management of different 
portfolios may have a high level of complexity4. 
Traditionally, project management has had a higher incidence in engineering projects of large dimension. However, 
with the constant changes of markets and corporate environments, project management is increasingly becoming a 
nuclear process in the dynamics of companies5. Nowadays, companies consider project management as a tool that 
enables a faster, more flexible and more efficient implementation of their strategies6. Projects are an efficient way to 
combine the knowledge (technical, procedural and organizational) and therefore optimize the value of investments7. 
Efficiency and project management are subjects explored extensively by the scientific community and also relevant 
for any company. However, regarding the combination of the two subjects there is still some developments that can 
be done in scientific research. The main goal of this paper is to fill this gap by combining efficiency and project 
management, through a case study analysis of remote control projects of a Portuguese electricity distribution utility in 
which the project management efficiency is evaluated using an DEA model. 
The rest of the paper is structured as follows. In section 2 a theoretical background about project management 
dimensions, project risk and DEA is presented. Next, in section 3, a case study of a Portuguese utility is presented and 
an input-oriented BCC model is developed. Section 4 presents the BCC model results and their analysis. Finally, in 
section 5, after the conclusions further research is suggested. 
2. Theoretical background 
2.1. Project management dimensions 
Time, cost and performance (outcomes or deliverables) are the three main dimensions in project management 
through which projects may be featured8. Therefore, a project must be managed in order to optimize these three 
dimensions. Time and cost must be minimized, but performance must be maximized. The three dimensions are highly 
correlated. For instance, if a project must be concluded in a shorter deadline it must require higher investment to 
guarantee the expected performance. Variations in one dimension will have to be balanced by the other dimension in 
order to maintain project stability9. 
Time management in project management is vital. A project consists of several activities, each one with planned 
time duration, according to a stochastic distribution, and consuming resources until be completed. Therefore, time is 
believed to be a suitable indicator of project efficiency, as it is directly related to the resources consumed and its value. 
Information accuracy and a rigorous control of the project implementation increase the likelihood of success in project 
cost estimation. 
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The degree to which a set of inherent characteristics of a project fulfils its requirements (needs or expectations) is 
an indicator of the quality of the project10 or its performance. 
As the multi-project environment has grown, the value added by the projects is increasingly subject to scrutiny. 
Despite the existing development in project portfolio management, there are still many projects that do not meet the 
targets, both in time and cost11. The difficulty in obtaining an accurate estimate of time and cost is high, either due to 
lack of information and/or by the use of unsuitable forecasting techniques. 
2.2. Project risk 
“Project risk is an uncertain event or condition that, if it occurs, has a positive or negative effect on one or more 
project objectives such as scope, schedule, cost, and quality.”12. Consequently, risk is a project characteristic that is 
related to the dimensions of project management and their interrelationships13. For example, the dimension time aims 
to fulfil the project within a deadline, but the probability of not completing the project within the deadline is the risk 
associated with this dimension. The same is applied to the other dimensions, establishing a direct relationship with 
risk. Therefore, risk management is crucial to the fulfilment of project objectives, both for reducing the chances of 
wrong things happen to the project objectives and improving the positive results if all goes according to plan14.  
The ability of linking risk management from multiple projects allows to a faster risk identification and risk 
management that appear simultaneously on multiple projects. Thus, an integrated risk management decreases the 
likelihood of project management failure, consolidating the project activities and avoiding duplication of tasks15. 
2.3. Data envelopment analysis 
DEA is a non-parametric analysis technique introduced by Charnes, Cooper and Rhodes16 based on Farrell’s 
pioneering work. DEA is used to empirically measure relative productive efficiency of a set of homogenous entities, 
referred to as Decision Making Units (DMUs). Also, it allows comparing the efficiency performance of DMUs, which 
can be individuals, branches of an organization, or entire organizations. DMUs exist in the same basic environment 
and convert the same set inputs into the same set of outputs. So, DEA is concerned with measuring the relative 
efficiency of the various DMUs as they convert their inputs into outputs, i.e. DEA compares the DMUs ability in 
converting multiple inputs into multiple outputs17. 
A DEA model can be formulated as a fractional or linear problem. The fractional formulation of DEA model is not 
linear and cannot be solved by linear optimization methods. However, this type of nonlinear problem can be converted 
into a linear problem by algebraic manipulation, which allows the DEA to be solved using linear methods.  As a non-
parametric method, DEA does not require or assume any functional relationship between the inputs and outputs. 
Instead, a weighting scheme is used. 
DEA has several strengths, namely: it provides a scalar measure of relative efficiency for an DMU that converts 
multiple inputs into multiples outputs, overcoming the difficulty of dealing with multiple variables; it does not require 
neither the specification of a production frontier function, as the frontier is empirically created (subject to historical 
data), nor a priori information regarding which inputs and outputs are most important in the assessment18; and it points 
out the inefficient DMUs and how they can be improved, with respect to the best DMUs, providing the first steps of 
a benchmark exercise. 
After the data has been collected but before the DEA is formulated, it should consider whether the data exhibits 
constant or variable returns to scale. There are two basic types of DEA models with respect to envelopment surfaces, 
referred to as constant returns-to-scale and variable returns-to-scale surfaces.  
CCR model determines the efficiency of a DMU as the maximum of a ratio of weighted outputs to weighted inputs, 
subject to the condition that the same ratio for all DMUs must be less than or equal to one. The CCR model gets the 
relative efficiency of all DMUs, evaluating both technical and scale efficiencies via the optimal value of the ratio 
form. The envelopment in CCR is constant returns to scale meaning that a proportional increase in inputs results in a 
proportionate increase in outputs19. 
BCC model, developed by Banker, Charnes and Cooper20, estimates the pure technical efficiency of DMUs with 
reference to the efficient frontier. It identifies whether a DMU is operating in increasing, decreasing or constant returns 
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to scale. BCC model extends the CCR model to allow variable returns to scale and the data relationship is not 
necessarily linear. CCR models are a specific type of BCC models. 
BCC models can be categorized into input-oriented or output-oriented models. An input-oriented model is based 
on the ability of an DMU to reduce its inputs usage maintaining the same output levels. In turn, an output-oriented 
model is based on the ability of an DMU maximize the output levels using a set of inputs and technologies. 
2.3.1. Input-oriented BCC model 
In conditions where there are scales of production that are not optimal the input-oriented envelopment model of 
BCC is the most appropriated model19. It was applied the input-oriented BCC model which gives priority to input 
reduction as a mean to obtain efficiency. 
Consider a set of n DMUs to be evaluated, DMUj (j = 1, 2…n) consumes amounts Xi = {xij} of inputs (i = 1, 2, …, 
m) and produces amounts Yr = {yrj} of outputs (r = 1 ,…, s). The performance of each DMU is given by the conversion 
of m inputs to yield s outputs. The efficiency of a particular DMU0 can be obtained from the following input-oriented 
BCC model: 
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The input data xij is the value of input i for DMUj, while yrj is the output r for DMUj during the period of observation. 
T is the efficiency measure of DMU “o” relative to all other DMUs, ݏ௜௢ିslack variable for input constraint, ݏ௥௢ା  slack 
variable for output constraints, which are both constrained and to be non-negative, H is an infinitesimal positive number 
and Oj is the dual coefficient or weight assigned to DMUs. The optimal scalar variable T, represented by T*, is the 
proportional reduction to be applied to all inputs of DMU0 to move into the frontier. 
In BCC model, as variable returns to scale condition is permitted, each DMU is compared with a virtual DMU 
obtained by linear combination of the DMUs which operate with a similar size. Thus, non-negative weight factor, Oi, 
identify those DMUs that joined the assessment. This set of DMUs is called efficiency reference set and it objectively 
defines comparative standards among DMUs, framing a benchmark process21. 
2.3.2. BCC model results interpretation 
Based on the BCC model results, the characterization of the previous DMU0 under assessment must be performed 
according to the following22: 
x 1st case: If Ʌכ ൌ ͳ and ୧୭ିכ ൌ ୰୭ାכ ൌ Ͳ, the DMU0 is efficient; x 2nd case: If Ʌכ ൌ ͳ and ୧୭ିכ ് Ͳ and/or ୰୭ାכ ് Ͳ, the DMU0 is inefficient; x 3rd case: If Ʌכ ൏ ͳ, the DMU0 is inefficient. 
The inefficiency derived from the model can be due to the consumption of at least one input in a way excessive 
whose excess is provided by the input slacks although the efficiency is the maximum (2nd case) or due to the efficiency 
does not be the maximum (3rd case). 
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3. Case study 
This paper is about a Portuguese utility, a company responsible for electricity distribution in Portugal. Electricity 
distribution in Portugal is assured by a Distribution Network Operator on the mainland of Portugal, an activity 
regulated by the Regulatory Authority for Energy Services, which holds the concession for the operation of the 
National Distribution Network of electricity in medium voltage and high voltage, and municipal concessions for 
electricity distribution in low voltage. The distribution of electricity is the main focus of the company, which is marked 
by high standards of quality and efficiency, independence and transparency. 
The main objective of the case study is the company efficiency assessment regarding the risk exposure through an 
integrated project management methodology. It was based on the efficiency study of remote control projects of 
transformer stations of the distribution network, which are a vital type of project on the company strategic point of 
view. The study covered all the projects of this type carried out in Portugal by twenty five Operational Areas in 2013. 
It was completed more than one thousand works related to remote control projects, corresponding to more than three 
hundred projects. The remote control projects allow reducing the time of the medium voltage network replacement in 
the event of a breakdown and the time spent in the scheduled maintenance, and increase safety and operational resource 
savings. The analysis of remote control projects and how can be evaluated their efficiency was done through a DEA 
model. 
3.1. The model 
In this case study an input-oriented model was applied, which is the most appropriated model in case of application 
of DEA to utilities23. To consider the size effect BCC model is selected.  
The model was developed using MaxDEA software, version 6.2. The analysis of the efficiency of remote control 
projects using DEA model began with the definition of DMUs, inputs and outputs.  
3.1.1. Decision making units 
In remote control projects of transformer stations twenty five Operational Areas are responsible for the projects 
implementation and execution. These Operational Areas are the DMUs whose relative efficiency in project 
implementation is analyzed. 
3.1.2. Inputs 
The selection of the model inputs considers the factors that may influence the project risk and the variables that are 
traditionally used in studies of electricity business efficiency, i.e. invested capital and time. Invested capital is the 
most frequent input applied in studies about utilities efficiency24 and time is widely considered the input that best 
characterizes resources usage25. Therefore, two inputs were selected by DMU based on data of 2013: the average 
investment per project (X1), defined by the ratio of the total investment in remote control projects and the number of 
implemented projects; and the average time per project (X2), defined by the ratio of the total time the DMU was 
involved in remote control projects and the number of implemented projects.  
3.1.3. Outputs 
The outputs of the model arise directly from the company’s risk matrix which is based on five business values, 
namely, safety (Y1), environment (Y2), impact on media and population (Y3), system average interruption duration 
index (Y4) and revenue (Y5). The business values reflect the quality of the service provided by the company and the 
amount of risk to which it is exposed as well.  
Each project is evaluated in terms of its impact on the risk matrix, being assessed the five impacts (one for each 
business value) of each project before and after its implementation, in terms of risk variation. The assessment of the 
average impact of each project, by DMU, was done by a company team composed of elements of the departments 
involved in remote control projects. These values correspond to the output values used in the DEA model. 
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The risk analysis performed before the project implementation would estimate the project impact in terms of risk 
in business values. In this paper it is considered the actual impact that the projects have had once the analysis was 
performed in a post-investment phase. Thus, for each DMU the assessment of the average impact of the projects 
implemented in 2013 was performed for each output in terms of the two risk variation scores. The difference between 
the two scores is a measure of the impact which a project had in the company, regarding its business value. The inputs 
and outputs relationship for remote control projects is presented in Fig. 1. 
 
 
Fig. 1. Remote control project inputs and outputs. 
4. Results analysis 
The first result of BCC model is the efficiency score obtained for each DMU, identified by 1, 2, …, 25 (Fig. 2). On 
average the DMU's efficiency level is good (86%) but the time and capital resources may be reduced by 14% to 
achieve the same output level. Seven DMUs have an efficiency score of 100% (28% of the DMUs), which means that 
















Fig. 2. Efficiency score of each DMU. 
In order to rank DMUs according to their need of efficiency improvement a categorization based on the efficiency 
score was made by Norman and Stoker26: 
x Robustly efficient DMU – the efficiency score is equal to 100%; 
x Marginally inefficient DMU – the efficiency score is between 90 and 99%; the DMU is a prime candidate to 
become efficient since a small reduction in the inputs may be enough to ensure efficiency improvement;  
x Medium inefficient DMU – the efficiency score is between 70 and 90%; the DMU operates with low efficiency, 
using inputs in excess in respect to the outputs it presents; the operation level of a robustly efficient DMU should 
be benchmarked in order to increase its efficiency;  
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x Distinctively inefficient DMU – the efficiency score is less than 70%; its efficiency indicates that there are 
problems in inputs management to achieve the expected outputs; to have an approach to the best practices it will 
be necessary to take corrective actions in the project management. 
The classification of DMUs by efficiency group, Table 1, shows that: 
x About 48% of the DMUs are robustly efficient or marginally inefficient; therefore a simple adjustment of inputs, 
in the short time, may be enough to ensure the achievement of maximum efficiency;  
x About 44% of the DMUs are medium inefficient and should support their actions in the set of best practices of 
the most efficient DMUs. It is believed that the greatest opportunities for improvement reside in this group and 
that enhancements will only be felt in the medium term; 
x Only 8% of the DMUs are distinctively inefficient compared with the other DMUs. A fast approach in the inputs 
regarding the most efficient DMUs and an analysis of the problems that have occurred in the implementation of 
remote control projects should be made. 
Table 1. Classification of DMUs by efficiency group. 
 
 
There are eight DMUs that are using inputs in excess (Table 2), six with slack allocated to X1 input (investment) 
and two with slack allocated to X2 input (time). The slack must be reduced to obtain the correct proportion of input 
usage and improve the efficiency of the DMU, e.g., the DMU 18 should reduce the project duration by 2.8 months. 





DMU 1 4 9 21 22 23 
Slack (€/project) 6 063 4 818 7 972 20 184 16 072 7 515 
Input X2 
DMU 18 24     
Slack (Month/project) 2.8 0.8     
 
Other important result of the BCC model regards the clues to a successful benchmarking. The recommended 
benchmarks to each inefficient DMU and the respective weight (λ) in the process are presented in Table 3. There are 
two DMUs, 25 and 20, that are the most used as DMU benchmarks, respectively 44 and 32% of the cases (Table 3). 
Table 3. Benchmarks. 
DMU 1, 21, 23 2 3 6 10, 12 11 16 17 
DMU Benchmark (λ) 25 (100%) 20 (76%) 20 (28%) 20 (41%) 20 (49%) 20 (32%) 20 (69%) 20 (25%) 
25 (24%) 25 (72%) 25 (59%) 25 (51%) 25 (68%) 25 (31%) 25 (75%) 
DMU 4, 22, 24 9 15 19 18    






13 (100%)    
5. Conclusions 
This paper contributes to understand how a company can use DEA in efficiency assessment of its activity. DEA 
was used to measure management efficiency of remote control projects in a Portuguese electricity distribution 
company. 
It was applied the input-oriented BCC model. The input-oriented model is considered by some authors as the most 
appropriated model in case of application of DEA to utilities. BCC model is selected since this model allows a DMU 
Efficiency group < 70% 70 to 90% 90 to 99% 100% 
DMUs relative frequency 8% 44% 20% 28% 
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be compared only with the set of DMUs operating on a similar scale and in this study each DMU has control of the 
input scale using. 
The efficiency of twenty five Operational Areas involving more than three hundred remote control projects was 
measured. The two inputs selected (investment and time per project) are very important in project management and 
they are considered the best to translate the resources consumed in a project into five outputs (safety, environment, 
impact on media and population, system average interruption duration index, and revenue). These outputs are the 
greatest business values of the company. Generally, it is believed that these variables represent the process of resources 
consumption and the results creation associated with the remote control projects.  
It is provided specific results on how the company can improve its processes in project management of remote 
control project indicating where, how and how much the company is inefficient. The input-oriented BCC model 
developed allowed concluding that the average efficiency of the twenty five DMUs was good, about 86%, but eighteen 
DMUs are inefficient and may have a higher efficiency by reducing slacks. For each inefficient DMU was defined 
which DMUs must be used as a benchmark and the respective weights.  
With respect to further research, DEA is a technique that measures the relative efficiency of a set of entities in 
converting inputs in outputs. The DEA does not evaluate the absolute efficiency of the DMUs and, therefore, it is 
possible that DMUs classified as efficient by the DEA could be more efficient. It would be also important to apply 
DEA to different Portuguese electricity distribution utilities to compare its relative efficiency. 
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